In this paper, we investigate the impact of intensity edge maps (IEMs) on the segmentation of noisy range images. Two edgebased segmentation algorithms are considered. The first is a watershed-based segmentation technique and the other is the scan-line grouping technique. Each of these algorithms is implemented in two different forms. In the first form, an IEM is fused with the range edge map prior to segmentation. In the second form, the range edge map alone is used. The performance of each algorithm, with and without the use of the IEM information, is evaluated and reported in terms of correct segmentation rate. For our experiments, two sets of real range images are used. The first set comprises inherently noisy images. The other set is composed of images with varying levels of artificial, additive Gaussian noise. The experimental results indicate that the use of IEMs can significantly improve edge-based segmentation of noisy range images. Considering these results, it seems that segmentation tasks involving range images captured by noisy scanners would benefit from the use of IEM information. Additionally, the experiments indicate that higher quality edge information can be obtained by fusing range and intensity edge information.
INTRODUCTION
Most range segmentation algorithms can be generally classified as either region-based or edge-based. In the region-based techniques, such as [1 ] for example, pixels having similar properties are grouped together. In the edge-based techniques, such as [2] , discontinuities are identified and segmentation is guided by the obtained boundaries. Consequently, the segmentation performance of the edge-based techniques is significantly dependent on the quality of the edge map.
In this work, two edge-based, range image segmentation techniques are investigated. The first is the watershed-based technique [3, 4] that uses the fused edge map from its input range and intensity images. The second technique is scan-line grouping [5-711, which operates only on range data and is independent of the intensity image and its edge map. In experiments, it is observed that these two algorithms demonstrate very similar performance when processing images that are not very noisy. However, the watershed-based method performs much better when processing more noisy images. In this paper, we seek the reason for this difference. For noisy images, it can be observed that the watershed-based algorithm extracts much better edge maps the than the scan-line algorithm. This can be mostly attributed to the high quality intensity edge map (IEM) used by the watershed algorithm in addition to the edge map extracted from the noisy range image. We hypothesize that the poor edge map used in the scan-line grouping algorithm is the direct cause of poor segmentation performance in noisy images. This hypothesis stimulates the work in this paper. In this paper, we present an experiment designed to evaluate the impact ofthe IEM on the segmentation ofnoisy range images.
The remainder of this paper proceeds as follows. In Section 2, an evaluation framework is proposed and the two algorithms are described. In Section 3 , the experimental methods and results are presented Finally, conclusions are presented in Section 4.
EVALUATION FRAMEWORK

Evaluation Method
The impact of the IEM on the segmentation of noisy range images is investigated by comparing the outcomes of the two algorithms (watershed and scan-line grouping) applied to noisy range data in two different forms each. In the first form, intensity edge information is utilized by fusing the JEM with the detected range edges prior to segmentation. This is the form of the watershed technique by design, but the edge fusion step must be added to the scan-line approach. In the second form, the range edge information alone is used. This, of course, is the natural form of the scan-line grouping technique, but the edge fusion step of the watershed approach must be removed in this case. Overall, this approach serves to evaluate the performance of each technique according to its dependency on the IEM. 
Watershed-based Segmentation Algorithm
The watershed-based segmentation algorithm traces its origin to [3] , with several enhancements suggested in [4] . The flowchart of this algorithm is shown in Figure 1 and begins with a pair of range and intensity images captured from a single view. First, preprocessing (median filtering and anisotropic diffusion) is done to reduce the noise while preserving the edges. Once the noise has been reduced, the gradient magnitude of the range and intensity image and the gradient magnitude of the surface normal from the range image are calculated.
Step and roof edges from the range image and the step edges from the intensity image are obtained. Subsequently, edge fusion is performed to incorporate all of these into the final, fused edge map. Finally, the watershed-based segmentation operates on the fused edge map and the segmented result is obtained. The two major steps in the watershed-technique are (1) Edge Extraction and Fusion and (2) Watershed Segmentation. They can be described as follows.
Edge extraction and fusion
This involves identifying step and roof edges. After the preprocessing ofboth range and intensity data, the edges are extracted separately. For the range data, step edges are identified by the gradient magnitude and roof edges are located by calculating the gradient magnitude of the 3-D surface normal. For the intensity data, step edges are determined by the gradient magnitude of the raw data.
Since the resulting gradient values are not bounded, they must be remapped to values between 0 and 1 .0 so that fusion can be performed. The remapping is done by the following equations:
where ' is the remapped feature map, is the original feature map, p is the remapping percentage and f is the mean value of f. The edges from the intensity gradient, range gradient and surface normal gradient are then fused by the Bernoulli's rule of combination:
where a, b, and c represent the three edge maps.
Watershed segmentation
The principle underlying the morphological watershed is that a symbolic drop of water, placed on a pixel of high gradient, will drain down to a pixel that has regional minimum gradient value. Each pixel lying in the descending path of this drop of water will be associated with that same regional minimum to form catchment basins, and the basins will ultimately identify distinct regions with different labels. Each local minimum has an associated segment defined by its catchment basin. The basic principle ofthis algorithm is shown in the one-dimensional case in Figure 2 .
Drop of water
Regional minimum
Labeled Region Catchment basin The segmentation proceeds as follows. First, an image boundary is set so that no water can flow outside the bounds of the image indices. Next, all single pixel regional minima and all flat regions are located and labeled. All pixels that are not members of flat regions are then tracked to their local minima. This tracking is done by following the path of steepest descent of the four neighbors of each visited pixel. Each subsequent pixel visited is marked and given the label of the single-pixel regional minimum, flat basin, or flat plateau that it ultimately reaches. This step terminates when it reaches a state where all four neighbors are greater than or equal to the present pixel value. Next, all remaining unlabeled flat regions are traced to their respective regional minimum. All pixels in the image are then labeled with a distinct region label and locally maximum flat regions and region boundary pixels are marked. Finally, all individual regions bounded by the marked edges are sequentially labeled to create a segmented image.
Scan Line Grouping Segmentation Algorithm
This algorithm is selected due to its heifer segmentation performance and computational expense according to the comparison result in [5] . The steps of this algorithm are as follows [6, 7] :
Scan-line approximation technique
The only assumption made by scan line approximation is that an image row or column corresponds to a curve in a three-dimensional plane that results from the intersection of the plane with the surfaces of objects in the scene. This assumption is satisfied by most range scanners. A curved surface can be approximated by a quadratic polynomial:
z=f(x,y)= ax'y' i+j 2 where z = f(x,y) is the surface of an object and z = f(x, y0 ) is the two-dimensional curve in x-z plane. The scan line projection on x-z plane can be represented as:
where a = a2o ' b am + aiiy0 ' and C aoo + aoiy0 + a02Y0.
From the quadratic approximation, it is apparent that each scan line can be partitioned into a set of straight lines or curve segments. All points on a smooth segment belong to the same surface patch. All the points lying on the boundaries between two surfaces are edge points. The adapted classical splitting algorithm is used for scan-line splitting. In case of planar segmentation, the straight line segments are searched and the initial segment is determined by two end points of the scan-line. For curved surface segmentation, a quadratic approximation is computed based on the midpoint and two end points. When the maximum error between the approximation function and the scan line is bigger than a preset threshold, the scan line is spilt into two parts. The splitting is repeated until the approximation error is less than the threshold.
Edge detection
In this step, only the end points of a curve segment are considered as potential edge points.
Step edge strength is defined as:
where is the mid-point between two split segments. This implies that the step edge is not only determined by the height difference, but also by the angle between two adjacent curve segments. Roof edge strength is defined as:
Since the maximum value of discontinuity may not be observed in one particular direction, the scan line approximation is carried out in four directions: row, column, and two diagonal directions. The maximum value of all four directions is regarded as edge strength value. The step and roof edge strength values are then thresholded separately. Finally, a pixel is accepted as an edge point if at least one thresholding operation is successful.
Segmentation into planar and curved surfaces
This step is a grouping process based on a hypothesis generation and verification approach. From the edge map, regions can be found by component labeling. Although there is a gap closing procedure in the edge detection, gaps often still exist in the edge map. Therefore, initial grouping usually results in under-segmentation. To recognize the correctly segmented and under-segmented regions, a region test is performed on each region of the initial segmentation. If the region test succeeds, the corresponding region is accepted. Otherwise the edge points within the region are dilated once, hopefully closing the gap. The hypothesis generation (component labeling) and verification (region test) are carried out for each region. This process is recursively conducted until the generated regions have been successfully verified or they are no longer considered due to small region size. The region test starts with a plane test, in which the principal component method is used to compute the plane function of a region. The region is regarded as a plane if both the RMS and average fitting error are small enough. If the test fails, the second surface approximation is computed by a fourth degree polynomial. Similarly, the region acceptance is also based on the RMS and average fitting error. After the grouping process, a post-processing step is performed to merge the pixels that have remained unlabeled. Such pixels are merged into an adjacent region if the fitting error is tolerable.
EXPERIMENTAL RESULTS
The experiment essentially consists of observing the output of the above two segmentation algorithms while reversing their utilization of the IEM. To reverse the utilization for the watershed-based segmentation technique, the intensity edge map is simply removed from the edge fusion process. For the scan-line grouping technique, the reversal is achieved by the inclusion of an edge fusion step, in which the range edge map and IEM are fused into the final edge map before further segmentation processing. The segmentation performance of each algorithm, with and without utilizing the IEM, is then evaluated via its correct segmentation rate. This rate is defined as the percentage of regions in the machine-segmented output that match their counterparts in the ground truth segmentation by at least K% of the pixels.
The experiment is conducted on two real image sets -we refer to them as A and B -taken by a Perceptron laser range scanner. Set A was taken in our lab and contains 15 inherently noisy images of size 1024 x 1024 . Set B comprises 15 512 x 512 images obtained from web site at the University of South Florida [5] . The images of set B have been corrupted with Gaussian noise of varying standard deviation. Considering the inherent noise in the images, the standard deviation of the added noise varies from 1% 3%. Ground truth for the experiment is manually specified for each image and consists of segmented regions and the correspondence of each region to the surface in the scene that it represents.
3.1 Watershed-based segmentation algorithm 1 . Free parameters and sensitivity analysis Table 1 shows the free parameters in the watershed algorithm and how sensitive the performance of the algorithm is to each. Here sensitivity represents a subjective measure: low sensitivity indicates that the parameter is highly robust and can be used for a variety of images, while high sensitivity indicates that the parameter is highly sensitive and may need to be adjusted for various images. In each image set, five images are used as a training set to acquire good values for the free parameters. (I)
Experimental results
Results of the watershed-based segmentation are shown in Figures 3-5 . In these figures, it is obvious that the fused edge map with IEM information in (f') is much more complete and accurate than the range edge map without IEM information in (g). In Figure 3 , for example. the two boundary lines between the walls are detected as edges clearly and completely using the IEM as shown in (f). but are completely missed without IEM fusion as shown in (g). This is due to the severe noise in the raw range data of (a). This is also observed with the boundary lines between the wall and the floor. The more complete and accurate edges extracted using the JEM results in the much better final segmentation. Nearly all the surfaces are segmented correctly in (h), but floor and wall regions are missed in (i). Similar results can be observed in Figures 4 and 5 . The fused edge map in (f) has much better quality than the range edge map in (g). Consequently. the final segmentation result in (h) is much better than that in (i). According to the statistical results of the data sets. with a threshold of K% 50%. it was observed that the average correct segmentation rate degraded greatly from 70% to 20% for set A arid 62% to 8% for set B when IEM fusion was disabled.
(h) (i) 3.2 Scan-line grouping segmentation algorithm 1. Free parameters and sensitivity analysis Table 2 gives the free parameters and their effect on the scan-line grouping algorithm.
Free Darametcrs for scan-line grouping algorithm and their effects.
(h) Step Edge 
Experimental Results
The experimental results of the scan-line grouping segmentation are shown in Figures 6-8 . From these figures. it is obvious that the fused edge map using the IF.M in (d) is much more complete and accurate than that without the JEM in (c). In Figure 7 . for example, the edge map without IEM is very noisy and a few boundary lines in the right object are missed. On the other hand, the edge map with IEM is cleaner and more complete -nearly all the boundary lines in the three objects and the floor are extracted correctly. The better edges extracted with the JEM results in a much better final segmentation. Nearly all the surfaces are segmented correctly in (f, hut a few under-segmentations and over-segmentations occur in (i) -the let surface in the left object is over-segmented into four regions and the three surfaces in the right object are merged into one region by under-segmentation. Note additionally that the wall and the floor are correctly segmented if the fused edge map using IEM is used instead of only the range edge map. Similar results are observed in Figures 7 and 8 . The fused edge map in (d) has much better quality than the range edge map in (c). Consequently, the final segmentation result in (fl is much better than that in (e). Table 3 shows the average correct segmentation rates of the two algorithms, with and without using IEM fusion. 'lhe threshold K% 50% is selected, implying that at least 50% of the pixels in the machine segmented regions should match their counterparts in the ground truth. From the results in Table 3 . it is evident that the use of the IEM provides a significant performance improvement in the case of noisy range images. 
Average correct segmentation rate
Figurc 6 The experimental results of scan-line grouping segmentation with and without using the tEM on an image in set A: (a raw range data (b) raw intensity data (c) edge map without using IEM (d) fused edge map using IEM (e) segmentation result without using IEM (1) segmentation result using IEM.
\ J)
(e) Figure 7 The experimental results of scan-line grouping segmentation with and without using the IEM on an image in set 13 (no added noise): (a) rass range data (b) raw intensity data (C) edge map without using IEM (d) fused edge map using IEM (e) segmentation result without using IEM (f) segmentation result using IEM.
(1) Figure 8 . The experimental results of scan-line grouping segmentation with and without using the IEM on an image in Set 13 (1% standard deviation Gaussian noise added): (a) raw range data (b) raw intensity data (c) edge map without using IEM (d) fused edge map using IEM (e) segmentation result without using IEM (f) segmentation result using IEM.
CONCLUSIONS
This paper investigates the impact of the intensity edge map (IEM) on the segmentation of noisy range images. We study the performance of two segmentation algorithms applied to the noisy range data with and without the use of the IEM. The performance is experimentally evaluated and reported via the correct segmentation rate. The results indicate that the IEM makes a significant, positive impact on the segmentation ofnoisy range images. These results can be attributed to the fact that the two segmentation algorithms are both edge-based and intensity images are indispensable in providing higher quality edge information. The utility of this information should be seriously considered for noisy range scanners. As many range scanners and structured light scanners acquire both range and intensity data simultaneously, there is no further hardware cost to incorporate the intensity data in segmentation or other processing. Although computation time is nearly doubled for segmentation purposes, the significant performance improvements, coupled with ever-increasing processor speeds, indicate that the method is both worthwhile and feasible.
